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The promise of digital pathology?

Scanners Storage Computers



The promise of digital pathology?

Multiple focal points Large slides Oil immersion



The promise of digital pathology?

Improvement of 
diagnostics

Reduction of cost





Computational Pathology

Computational
Pathology



Machine learning



ML: a bit of history





ML: a bit of history

30 possible moves per turn
40 turns per game

250 possible moves per turn
150 turns per game



How to build an ML system?

Normal lymph node Breast cancer metastasis



How to build an ML system?
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How to build an ML system?

Normal lymph node Breast cancer metastasis







How to build an ML system?



TumorNormal

Tumor

Normal

Litjens et al. Sci Rep. 2016



Practical applications of computation pathology

Detection of 
metastases in lymph 

nodes

Automatic mitotic 
counts

Tumor   
qua



Detection of metastases in lymph nodes
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Detection of metastases in lymph nodes



Breast cancer metastasis detection



Data

Centrum Number of slides

CWZ (Nijmegen) 200

LabPON (Hengelo) 200

Rijnstate (Arnhem) 200

Radboudumc (Nijmegen) 439

UMCU (Utrecht) 350

Total 1399





Great way to collect and compare solutions for a problem

Fair comparison of algorithms

● Same evaluation metric
● Same ground truth definition
● Same training and test datasets

Why challenges?





Comparing to pathologists

Ehteshami et al. JAMA. 2017
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Algorithm

1 micrometastasis missed
8 ITCs missed (only visible on IHC in retrospect)

65% less time needed
Microscope

Implemented in clinical practice

Bult et al. In preparation

62 patients31 patients 31 patients

1 micrometastasis missed
1 micrometastasis misclassified as ITC

5 ITCs missed (only visible on IHC in retrospect)

16 N0 1 N0(i+) 3 N1mi

4 N1 7 errors

14 N0 0 N0(i+) 4 N1mi

4 N1 9 errors



Practical applications of computation pathology

Detection of 
metastases in lymph 

nodes

Automatic mitotic 
counts

Tumor   
qua



Automatic mitotic counts









Automatic mitotic counts



Challenge 1: Reference standard



IHC offers a solution







Challenge 2: staining differences



Solution 2: Data augmentation



Tellez et al. IEEE Transactions on Medical Imaging. (2018)



Mitotic detections Mitosis density



56 mitoses Direct visibility of hotspots



38 mitoses



Challenge 2: staining differences



‘Traditional’ stain normalization

Bejnordi et al. IEEE Trans Med Imag (2016)

● Only modifies color information

● Very time-consuming algorithm

● Dependent on presence of nuclei

● Parameter tweaking for new datasets



Stain normalization using cycleGANs

de Bel et al. MIDL (2019)



Stain normalization using cycleGANs



Stain normalization using cycleGANs



Practical applications of computation pathology

Detection of 
metastases in lymph 

nodes

Automatic mitotic 
counts

Tumor/stroma ratio 
quantification

Identific    
assoc  



Tumor/stroma ratio quantification











𝑇𝑇𝑇𝑇𝑇𝑇 = Amount of stroma
Amount of tumor + stroma = 72%



125 patients with rectal carcinoma
• Stage I-III
• At least five year follow-up
• No neo-adjuvant therapy

Tumor/stroma ratio quantification



Tumor/stroma ratio quantification



Tumor/stroma ratio quantification



Tumor/stroma ratio quantification



Tumor/stroma ratio quantification

Geessink et al. Cellular Oncology (2019).





Practical applications of computation pathology

  h Automatic mitotic 
counts

Tumor/stroma ratio 
quantification

Identification of tumor 
associated stroma

Pred   
ex



Prognosis of in-situ lesions



Tumor-associated stroma







Tumor-associated stroma

Ehteshami et al. Modern Pathology (2018)



Practical applications of computation pathology

  Tumor/stroma ratio 
quantification

Identification of tumor 
associated stroma

Prediction of gene 
expression

Gleaso    
pros  



Prediction of gene expression

Mean RNA expression 11 
proliferation-associated genes

Score: 0.567



Neural compression

Tellez et al. In rebuttal



Prediction of gene expression

Team Spearman’s ⍴

Lunit (mitosis counting) 0.617

Radboud (neural compression) 0.557

Radboud (regular CNN) 0.516

ContextVision 0.503



Explainability of ML systems



Practical applications of computation pathology

 o Identification of tumor 
associated stroma

Prediction of gene 
expression

Gleason grading of 
prostate cancer



Prostate cancer segmentation
Tumor

Normal

Litjens et al. Scientific Reports (2016)

Training set
150 slides

- 83 normal
- 67 cancer

Test set
75 slides

- 30 normal
- 45 cancer

Results
AUC of 0.99...



Prostate cancer: epithelium segmentation

Bulten et al. Scientific Reports (2019)



Prostate cancer segmentation: 
epithelium



Prostate cancer: epithelium 
segmentation

Bulten et al. Scientific Reports (2019)



Prostate cancer: Gleason Grading



Collected prostate biopsies from 1271 patients

Prostate cancer: Gleason Grading

Grade Training Set Validation Set Test Set

No cancer 777 200 271

3 1508 139 120

4 2102 138 134

5 329 42 100

Totals 4716 519 625



Tumor 
detection

Epithelium 
detection

Patient 
report

Input to system



Count
20% benign
15% Gleason 4
65% Gleason 5

Gleason 5+4



Gleason Grading

Performance of model on GGG: acc 0.84, k 0.83



Observer experiment

Expert 1

Expert 2

Expert 3

Algorithm



The people who do all the work…



AMI



computationalpathology.eu



Automating kidney diagnostics
• Glomerular counting
• ct score vs % Atrophic tubuli 82 transplantation 

biopsies

WSIGlass 
slides

One biopsy 
selected on 
glass slide and 
WSI for analysis

Quantitative criteria for tubular atrophy: ct score
ct0 No tubular atrophy

ct1
Tubular atrophy involving up to 25% of the area of cortical tubules 
(mild tubular atrophy)

ct2
Tubular atrophy involving up to 26-50% of the area of cortical tubules 
(moderate tubular atrophy)

ct3
Tubular atrophy involving in >50% of the area of cortical tubules 
(severe tubular atrophy)

Hermsen et al. In rebuttal (2019)



Automating kidney diagnostics
U-net ensemble

40 fully 
annotated 
regions

Checked 
by 
pathologist

5-fold cross-validation

Removal of objects <300 
pixels

1 class per detected 
object

Extraction of 4 pixels  of all masks for ‘Border’  
annotations

Un-annotated tissue inside region assigned to 
‘Interstitium’

Post-processing

10 tissue classes



Automating kidney diagnostics
• Applied to 15 WSIs of large tumor nephrectomies
• All glomeruli annotated

• 1747 Glomeruli and 72 Sclerotic glomeruli



Automating kidney diagnostics
TP FP FN

Glomeruli (n=1747) 93.4% (1632) 8.4 % (149) 6.6 % (115)

Sclerotic glomeruli (n=76) 76.4 % (55) 45.5 % (46) 23.6 % (17) 

Total (n=1819) 92.7 % (1687) 10.4 % (192) 7.3 % (132)



Automating kidney diagnostics

P1 P2 P3 CNN
P1 0.94 0.95 0.78
P2 0.95 0.85
P3 0.85

CNN

Inter-class correlation 
coefficient



No.

Pathologist 1 13

Pathologist 2 13

Pathologist 3 14

CNN Glomeruli 17

CNN Sclerotic glomeruli 1

Automating kidney diagnostics



Automating kidney diagnostics

0 1 2 3
0 0.24 <0.001 <0,001
1 <0.001 <0.001
2 <0.01
3

Bonferroni analysis

Quantitative criteria for tubular atrophy: ct score
ct0 No tubular atrophy
ct1 Tubular atrophy involving up to 25% of the area of cortical tubules (mild tubular atrophy)

ct2 Tubular atrophy involving up to 26-50% of the area of cortical tubules (moderate tubular atrophy)

ct3 Tubular atrophy involving in >50% of the area of cortical tubules (severe tubular atrophy)

Weighted kappa 
P1 P2 P3

P1 0.13 0.34
P2 0.20
P3
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